Artificial selection has created myriad breeds of domestic animals, each characterized by unique phenotypes pertaining to behavior, morphology, physiology, and disease. Most domestic animal populations share features with isolated founder populations, making them well suited for positional cloning. Genome sequences are now available for most domestic species, and with them a panoply of tools including high-density single-nucleotide polymorphism panels. As a result, domestic animal populations are becoming invaluable resources for studying the molecular architecture of complex traits and of adaptation. Here we review recent progress and issues in the positional identification of genes underlying complex traits in domestic animals. As many phenotypes studied in animals are quantitative, we focus on mapping, fine mapping, and cloning of quantitative trait loci.
DOMESTIC ANIMAL POPULATIONS: A TREASURE TROVE OF PHENOTYPIC DIVERSITY Animal Breeding: A Phenotype-Driven Mutagenesis Screen of Unprecedented Scale
Forward genetics remains one of the most powerful approaches to elucidate gene function. This justifies the implementation of large-scale phenotype-driven mutagenesis screens in the mouse to fill the so-called phenotype gap (10) . Male mice are mutagenized, generating of the order of 2500 mutations per gamete (∼100-fold higher than the spontaneous mutation rate), and mutant phenotypes are recovered in the offspring either in dominant or in, considerably more demanding, recessive screens (52) .
Animal breeders have been conducting similar phenotype-driven screens in multiple species for the past ∼10000 years, exploiting naturally occurring mutations that either predate or occurred after domestication. During this time, breeders identified animals exhibiting innumerable desirable attributes pertaining to behavior, morphology, physiology, disease resistance, etc. Attentive breeders can pick up even the most subtle features that would likely go unnoticed in present-day screens performed in mice. Ongoing selection, serially cumulating the effects of many mutations over time, ultimately led to drastic phenotypic divergence and the wealth of phenotypic variation nowadays displayed by domestic animals. One example of the power of artificial selection is the awesome phenotypic variation exhibited by the ∼400 dog breeds accrued over a few thousand years, which probably exceeds the level of phenotypic variation observed among wild-type canids accrued over more than 10 million years (58) . The performances of livestock species have increased remarkably over the past 50 years. For example, in the United States, average milk yield per cow has nearly doubled in 40 years. Most of this progress is genetic and results from breeding designs rooted in advanced quantitative genetics that have generated highly specialized breeds (22) .
The emergence of molecular genetics in the 1980s spurred efforts to identify the chromosomal regions, genes, and mutations underlying phenotypic variation in domestic animals. The first experiments were primarily conducted in livestock species, targeting agronomically important traits and motivated by the desire for more effective marker-assisted selection (MAS). These applied objectives remain a major driver for most ongoing efforts in animal genomics, but it is becoming increasingly apparent that studying the genomes of domestic animals has immense value beyond agronomic applications. The availability of the genomic sequences of domestic animals will contribute to understanding genome organization and function via comparative genomics (63) . Moreover, identifying the molecular determinants of their tremendous phenotypic diversity has the potential to significantly contribute to the phenotype-genotype map and to understanding adaptation (2) .
analysis of complex traits remains a matter of debate (89, 97) . Domestic animal populations share several features in common with genetically isolated human populations. It is an old practice of animal breeders to mate related individuals to generate pure-bred animals that satisfy specific standards. Myriad breeds were generated that way, made official more recently by the creation of breed registries or studbooks. The latter can be "closed" (i.e., an animal can only be registered if both its sire and dam are), thus enforcing the genetic isolation, or "open," allowing for a certain degree of migration as long as immigrants comply with the standards of the breed. The number of registered animals per breed varies depending on its popularity. However, and as a result of the extensive use of popular sires, especially in species where artificial insemination (AI) is common practice, the effective population size is often limited, even for the most populous breeds. For example, there are several tens of millions of Holstein-Friesian (HF) dairy cattle in the world, yet their effective population size is estimated to be in the hundreds at most (8) . The founder effects linked to the extensive use of specific sires cause bursts of Mendelian disorders. For instance, in the 1990s in the United States ∼14% of HF AI bulls were carriers of bovine leukocyte adhesion deficiency (BLAD) and 0.2% of calves were affected by this lethal disease (91) . More recently, ∼25% of HF AI bulls were carriers of complex vertebral malformation (CVM) (99) . Both defects are thought to have been disseminated in the population by one of the founder sires of the modern HF breed: Carlin Ivanhoe Bell. In other domestic species, most breeds are likewise characterized by their burden of inherited defects. In November 2006, Online Mendelian Inheritance in Animals (http://omia.angis.org.au/) listed 2539 distinct phenotypes reported in animals, most of which were inherited disorders.
As expected from the population structure, LD extends over much longer chromosome segments in domestic animals when compared with the general human population (28, 58, 64, 75, 95) , and this feature is increasingly exploited to map and clone genes and mutations underlying genetic defects in animals (see below).
To a large extent, the jury is still out on how useful domestic animal populations will be for dissecting complex traits, but the combination of long-range LD combined with reduction in allelic and locus heterogeneity should offer favorable grounds. This review focuses on strategies, issues, and results related to the identification of genes underlying complex traits in animals. As most studies in animals have dealt with continuously distributed quantitative traits, the discussion mainly addresses quantitative trait loci (QTL) mapping, fine mapping, and cloning.
pure-bred females. An F2, however, requires the additional generation of sufficient numbers of F1 females.
Many such experimental crosses have been generated over the years in cattle, sheep, deer, pigs, poultry, and fish. Experimental crosses that deserve special attention are those that were established between domestic strains and their wild-type progenitors. Such F2 pedigrees were generated between European Wild Boar and domesticated Large White pigs (1) , as well as between red junglefowl and White Leghorn chickens (51) . The aim of these pedigree resources is to identify the genes that underlie the spectacular phenotypic divergence that has accrued as a result of ∼10,000 years of artificial selection.
The generation of experimental F2 and BC crosses counting the hundreds of offspring needed to have reasonable power to map QTL is a costly experiment. Moreover, mapping QTL is only the first step in the quest for underlying genes. It is well established that, when working with crosses between inbred strains of mice, for example, fine mapping QTL to chromosome intervals of a size that is compatible with positional cloning requires the generation of thousands of additional progeny, whether through the generation of advanced intercross lines (AILs) or other designs (18) . In domestic animals, fine mapping QTL via this road does not seem like an attractive proposition. Finally, F2 and BC designs target the genes that underlie the phenotypic difference between breeds, but most of the ongoing breeding programs exploit the genetic variation that exists within breeds. For example, breeding companies working with dairy cattle are more interested in identifying the genes that differentiate the top dairy bulls from their average contemporaries than in identifying the genes that explain why HF dairy cattle produce more milk than do Angus beef cattle.
For these reasons, several groups have turned to commercial pedigrees to map QTL: the pedigrees are readily available, finemapping approaches based on populationwide LD can be implemented, and the targeted QTL are still segregating within the populations of interest. Despite the concern that QTL with large effects might not segregate any longer in commercial populations as a result of selection, this proposition has been particularly coveted in cattle. Indeed, as a result of extensive use of AI, some cattle populations are characterized by amazing "harems" or paternal half-sib pedigrees, which are ideally suited for QTL mapping. For instance, in dairy cattle, bulls that have more than 10,000 milking daughters are commonplace, and some have had more than 200,000. Moreover, in many countries, phenotypic data for the most relevant traits are systematically recorded on hundreds of thousands of animals. These are processed in specialized centers to dissect the environmental and genetic variance components (VCs) yielding precise estimates of heritability as well as "breeding values" (i.e., estimates of the additive genetic predisposition of an animal accounting for known genealogy and corrected for nongenetic effects) for all individuals. In dairy cattle, the use of large sets of paternal half-sisters is one classic design to map QTL and is referred to as the "daughter design." A more popular design is the "granddaughter design," which consists of large sets of paternal half-brothers. This may seem paradoxical as milk production can only be measured in females. In the granddaughter design, the phenotypes used for QTL mapping are the males' breeding values estimated from the performances of their respective daughters by progeny testing. Progeny tests are typically based on at least 50 daughters, and the bulls' breeding value estimates are thus more accurate predictors of genetic merit than the cows' breeding values estimated from their own performances and pedigree data. As a result, the granddaughter design requires 2.5-3 times fewer genotyped animals than does the daughter design (31, 105) (Figure 1 ).
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The "granddaughter design" (GDD) is based on a series of paternal half-brother pedigrees, typically 10 to 20 sire groups with 10 to 100 sons each. The phenotypes used for quantitative trait loci (QTL) mapping are the sons' breeding values (BVs) estimated by progeny testing from the phenotypes (P) of at least 50 daughters each. The within-half-brother family variance of BVs is approximately
A is the additive genetic variance, σ 2 E is the nongenetic variance, and n is the number of daughters per son. The "daughter design" (DD) is based on a series of paternal half-daughter pedigrees. The number of daughters per sire is typically much larger than the number of sons per sire in the GDD. The phenotypes used for QTL mapping are the daughters' phenotypes. The within-half-daughter family variance of Ps is approximately σ 2 P ≈ 3 / 4 σ 2 A + σ 2 E . As the progeny test is typically based on ∼100 daughters (= n), σ 2 P is larger than σ 2 BV and consequently the sample size needed to detect a QTL that is larger for the DD than for the GDD (e.g., 31).
The Vast Majority of Quantitative Trait Loci Have Been Mapped Using Simple Statistical Methods
To verify whether a given chromosome region harbors a QTL, offspring are sorted in a limited number of genotype classes using polymorphic markers, and the phenotypic means of the different classes are compared. This procedure is repeated sequentially across the genome to identify the chromosomal regions that have a significant effect on the phenotype.
So far, virtually all QTL mapping studies in domestic animals have been conducted with panels of 100-300 microsatellite markers covering the genome, corresponding to an average distance between markers of ∼5-20 centiMorgans (cM). With the recent development of genome-wide panels of single nucleotide polymorphisms (SNPs) for most domestic species (58, 110) , and cost-effective array-based genotyping, SNPs are rapidly becoming the preferred markers for QTL mapping studies in animals.
When working with experimental crosses, the offspring are typically sorted into two (BC: 11 and 12) or three (F2: 11, 12, and 22) genotype classes at each tested position. This can be achieved unambiguously only at marker positions. In a procedure called interval mapping, one also tests marker intervals (55) . At these intermarker positions, and as a result of recombination, one does not know with certainty to which class a given individual belongs. This issue is circumvented
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by computing the corresponding probabilities (e.g., P 11 , P 12 , and P 22 in an F2) conditional on flanking marker genotypes, which can then be used in maximum likelihood (ML) or linear regression (LR) approaches to test for the presence of a QTL. For example, when using the popular LR in an F2 (40) , one expresses the phenotype of individual i
where μ corresponds to the midpoint between the means of classes 11 and 22, 2a to the phenotypic difference between the means of classes 11 and 22 (i.e., twice the allele substitution effect), d to the difference between μ and the mean of class 12 (i.e., the dominance deviation), and ε i to the residual error of individual i. One then identifies the values of μ, a, and d that minimize the sum of squares of residual errors (SSE) over all individuals. The presence of a QTL with significant effect on the phenotype at a given marker position can then be tested knowing that n − 3 2
SSR SSE
follows a F 2,n−3 distribution. The sum of squares regression (SSR) measures the variability in the phenotypes due to the segregation of the tested position ( Figure 2) . As previously mentioned, most studies performed in commercial populations have exploited the "harem" component of the data, i.e., the linkage information contained in the segregation of paternal chromosomes. The principles of QTL mapping in half-sib pedigrees are similar to the above. Animals are first sorted by paternal half-sib pedigree and then, within each half-sib pedigree, according to the homolog (1 or 2) inherited from the father at the tested chromosome position. Using paternal half-sib pedigrees precludes exploration of the X chromosome at least via linkage analysis (86) . If using LR approaches (54), the phenotype of offspring i of sire j is expressed as
where μ j is the phenotypic mean of the offspring of sire j, p i,1 and p i,2 are the probabilities that offspring i has inherited homolog 1 (respectively 2) at the tested position conditional on flanking marker genotypes, a j is the 1-to-2 allele substitution effect for sire j, and ε i j is the residual error of offspring i of sire j. Least square values of μ j and a j are estimated separately for each family by LR as one cannot assume that all sires will be heterozygous for the QTL and sires can be heterozygous for different QTL alleles; halfsib pedigrees are indeed sampled at random in an outbred population. The presence of a QTL with a significant effect on the phenotype at a given marker position can then be tested using the across-pedigree statistic
where n is the total number of offspring and k is the number of half-sib families. This ratio is distributed as an F statistic under the null hypothesis of no QTL.
Note that by restricting focus to the halfsib component of the pedigree, the previous approach, although robust, potentially ignores a considerable amount of useful linkage information. To access this supplementary information, there have been substantial efforts to develop effective full-pedigree analysis methods (43) . Animal breeding has a long-standing tradition of using mixed models and thus it is not surprising that VC methods dominate full-pedigree QTL analysis in animal genetics. Typically, when testing for the presence of a QTL at a given map position, a distinct additive allelic effect is estimated for each chromosome in the sample. Therefore, one has to estimate 2n effects (in addition to all other effects in the model) if studying a sample of n individuals. This is possible in a random effect setting by imposing a covariance structure on the solutions. The covariance between the effects of any pair of chromosomes in the sample is assumed to be proportional to the probability that the pair is identical by descent (IBD) at the considered map position. IBD probabilities are computed for all pairs of chromosomes conditional on marker data. This is fairly easily achieved (recursively) with complete marker genotypes, but becomes less 
Figure 2
Principles of quantitative trait loci (QTL) interval mapping using linear regression (LR) illustrated for an F2 cross. An F2 population is generated by intercrossing "blue" and "red" parental strains differing for a phenotype of interest. The F2 population is genotyped with a battery of genetic markers covering the genome at regular intervals of ∼10 centiMorgans (cM), shown as colored bars on the chromosomes of the F2 individuals. Marker intervals are "interrogated" successively (black arrows) for the presence of a QTL. For each interval, and for each F2 individual, one computes the probability that the individual is homozygous "red-red" (p RR ), heterozygous "red-blue" (p RB ), or homozygous "blue-blue" (p BB ), using the observable genotypes at flanking marker loci. The additive effect of a given interval on the phenotype is estimated by regressing the phenotypes on p RR -p BB , as shown in the panels on the right. In the absence of a QTL in the tested interval (e.g., interval 1), the regression coefficient does not deviate significantly from 0. In the presence of a QTL in the corresponding interval (shown by the star in interval 4), the regression coefficient may deviate significantly from 0. animal effect in the model to correct for stratification, i.e., residual polygenic coancestry that might be correlated with the coancestry at the tested locus (61) . VC QTL analysis methods are evolving rapidly (6) . So far, their impact in detecting QTL has been relatively limited: No QTL has been detected using VC approaches that would not have been uncovered using the basic approaches described above. However, VC methods will likely make a major contribution when performing combined linkage and LD analyses (see below). The statistical significance of the QTL signal obtained at a given map position is typically measured by its probability of occurrence under the null hypothesis of "no QTL" This probability has to be adjusted for the number of tests performed, including the analysis of multiple chromosome positions. This is conveniently achieved using permutation testing (26) : Phenotypes are shuffled among individuals and genome scans are performed on thousands of such permutated data sets. The values of the test statistics obtained with the real data are compared with the distribution of the highest test statistics obtained for each permutated data set to determine their significance level. A QTL is considered significant if its signal is only encountered once per 20 genome scans with permutated data sets (corresponding to a genome-wide p-value of 0.05). A QTL is considered suggestive if its signal is encountered, on average, once per genome scan with permutated data set (corresponding to a genome-wide p-value of 1-e 1 = 0.63). An alternative approach to evaluating the statistical significance of a given QTL is its false discovery rate (FDR) or expected proportion of false positives among the QTL exceeding the corresponding signal (93, 106) . The FDR extracts information from the distribution of p-values over all performed tests. For example, a tenfold excess (10%) of tests significant at the 1% level suggests that 10% of them are false positives.
When detecting a QTL, it is good to have an idea of the accuracy of its predicted position. Confidence intervals (CIs) for the QTL location can be conveniently estimated by bootstrapping methods (102) . Data sets are generated in silico by sampling with replacement from the real data set; thus, some individuals will be randomly represented multiple times whereas others will be omitted. The variation of most likely QTL positions across such bootstrap samples is a measure of the accuracy of the QTL location. A CI for the QTL can be defined as the smallest chromosome segment encompassing 95% of the most likely QTL positions across bootstrap samples.
DNA Pooling Combined with Large Paternal Half-Sib Pedigrees Provides Extreme Quantitative Trait Loci Detection Power
The QTL mapping approaches described above can be seen as sorting individuals by genotype and looking for differences between the phenotypic means of the groups. Alternatively, one can sort the individuals by phenotype and look for differences between the genotype frequencies of the groups. When dealing with quantitative traits, individuals are sorted in a discrete number of classes ranging from the low to the high tail of the distribution. Typically, only the classes corresponding to extreme high and low phenotypes are selected for further analysis (i.e., selective genotyping), as these animals provide most of the mapping power (55) .
Considerable cost savings can be achieved by genotyping not individual animals, but rather pools of DNA to which all animals contribute equally (i.e. bulk segregant analysis or selective DNA pooling) using genotyping methods that allow for precise quantitation of marker allele frequencies (59) .
The common occurrence of large paternal half-sister groups (i.e., thousands to tens of thousands of sisters) combined with the ability to extract DNA from milk pools have made this proposition particularly effective in dairy cattle populations. Using this approach, QTL affecting milk protein percentage with FDR <0.10 were found on all but two of the 29 bovine autosomes, jointly accounting for a large fraction of the trait variance in the population (71) .
The QTL effects estimated from selective genotyping experiments suffer a severe upward bias, requiring either a mathematical correction and/or a re-evaluation in an unselected population. One major limitation of selective genotyping is that the selected population is ideally suited only for analyzing the selected phenotype, although formulas exist that enable unbiased estimation of QTL effects for correlated traits (9) .
Innumerable Quantitative Trait Loci Affecting Virtually All Analyzed Traits Have Been Mapped in Domestic Animals
Using the approaches described above, large numbers of QTL influencing a panoply of phenotypes have been identified in livestock. In November 2006, the http://www. animalgenome.org/bioinfo/ site compiled data on 630 QTL influencing 89 traits in cattle, 1287 QTL influencing 246 traits in pig, and 657 QTL influencing 112 traits in poultry.
Hayes & Goddard (41) combined the results of four QTL mapping experiments targeting growth, carcass, and meat quality in pigs (F2 designs), and three experiments targeting milk yield and composition in cattle (granddaughter designs), in an attempt to gain insight into the molecular architecture of the corresponding quantitative traits. The predicted distribution of QTL effects was consistent with many genes of small effect and few of large effect, consistent with classical population genetics theory (77) . Fifty to 100 QTL were estimated to influence the corresponding traits, and ∼25% of the leading QTL explained 90% of the genetic variance.
It is worth remembering, however, that the utilized mapping methods cannot effectively distinguish lod score profiles generated by one or a limited number of QTL with moderate to large effect from those generated by a large number of evenly spread QTL with small effect (the "infinitesimal model") (21, 101) . Thus, these predictions are circumspect.
About Imprinted Quantitative Trait Loci and Other Parent-of-Origin Effects
Approximately 100 mammalian genes are known to undergo parental imprinting (http://www.mgu.har.mrc.ac.uk/research/ imprinting/). Close to half of these are preferentially expressed from the paternal allele, and the remainder from the maternal allele. Imprinted genes tend to map to a limited number (∼15) of clusters in the genome (80) . Imprinting is thought to primarily affect genes that regulate the transfer of maternal resources to offspring in polygamous species (i.e., the parental conflict hypothesis) (108) . The propagation of genes that promote transfer of maternal resources to the benefit of the offspring at the expense of the mother's future reproductive potential is maximized by expression from the padumnal (of paternal origin) allele and silencing of the madumnal (of maternal origin) allele. The propagation of genes that counteract the former benefits from padumnal silencing and madumnal expression. The most common and striking symptoms of imprinting perturbation are related to fetal and postnatal growth. Parental imprinting has been found in mammals and flowering plants, but not in birds.
Given this knowledge about imprinted genes, it was reasonable to speculate that part of the genetic variation for growth-related traits in livestock-one of the prime targets of many breeding programs-might be due to polymorphisms in imprinted genes. In fact, it was found that the inheritance of the callipyge muscular hypertrophy in sheep is characterized by a parent-of-origin effect-it can only be transmitted by father to offspring, never from mother to offspring (16)-and later discovered that the CLPG mutation indeed perturbs the expression of a cluster of imprinted genes, including padumnal growth enhancers and madumnal growth repressors (32) . Moreover, a QTL affecting muscle mass and fat deposition on porcine chromosome 2 was found to be imprinted with exclusive padumnal expression (49, 73) and later shown to correspond to a regulatory mutation enhancing postnatal expression of the imprinted IGF2 gene in striated muscle (100) . These initial findings suggested that an unexpected proportion of QTL influencing traits of importance in livestock production might be subject to parental imprinting. These initial findings were followed by a flurry of papers reporting imprinted QTL (23) . Reporting imprinted QTL has become nearly routine in the animal genetics literature, including in poultry, in which the occurrence of the corresponding biological phenomenon has never been demonstrated at the molecular level.
One of the common features of the studies reporting imprinted QTL is their intercross or F2 design. This is intriguing as the imprinting hypothesis can normally not be tested in a typical F2 cross obtained from inbred lines. Testing imprinting indeed consists in testing whether the difference between the allele substitution effect of the padumnal chromosomes and the allele substitution effect of the madumnal chromosomes, IMP , deviates significantly from zero. IMP is computed as
In this, 1 and 2 differentiate the chromosomes originating from the two parental lines, and xx correspond to the average phenotype of individuals with genotype xx, in which the first allele is madumnal, the second padumnal. Because it is not possible to distinguish 12 from 21 individuals, IMP cannot be measured and the imprinting hypothesis cannot be tested.
The reason it has been possible to test imprinting when working with domestic animals is that the corresponding F2 pedigrees are not generated from inbred strains but from divergent outbred breeds or selection lines. Their outbred nature manifests itself clearly by genetic markers that are polymorphic within the parental breeds. Contrary to F2 pedigrees obtained from inbred strains of mice where all F1 parents have the same 12 marker genotype, F1 parents obtained by mating breeds exhibit distinct marker genotypes (e.g., 12, 13, 24, . . .). Consequently, one can distinguish the four possible genotypes (homozygotes for line 1's allele, homozygotes for line 2's allele, heterozygotes receiving line 1's allele from the father, heterozygotes receiving line 1's allele from the mother) and thus test the imprinting hypothesis. This procedure has led to frequent detection of significant deviations from zero for IMP .
But do these results truly indicate that the underlying genes are subject to parental imprinting, as usually surmised? The caveat lies in the fact that the analyses are performed under the assumption that the parental breeds are fixed for alternate QTL alleles (for instance, Q and q), and thus that all F1 parents have the same Qq QTL genotype. In fact the within-breed variation that is typically observed at the marker loci indicates that the breeds will likely segregate at some QTL as well. F1 parents can thus be of a different QTL genotype, both homozygous or heterozygous. As the number of utilized F1 sires and dams is limited, there is no reason to expect that the average padumnal and madumnal allele substitution effect will be identical (or that IMP = 0), even in the absence of genuine parental imprinting (24) . This "artifact" is exacerbated by LD between marker loci and QTL as the matings for which the imprinting hypothesis can be tested (F1 sire and dam with different heterozygous marker genotype) are more likely to have different QTL genotypes as well (C. Sandor and M. Georges, in preparation).
The Importance of Epistatic Interactions
In general, QTL mapping in domestic species has been remarkably successful. As previously mentioned, QTL with moderate to large effects have been detected for most of the examined traits. However, with few exceptions, the identified QTL only explain a fraction of the genetic variance, which is likely to be overestimated in most cases. Indeed, estimates of QTL effects exceeding stringent statistical thresholds are biased upward as a result of the Beavis effect or the winner's curse (3, 31) . The fact that most of the genetic variance remains unexplained is usually attributed to the fact that most experiments are underpowered for QTL with smaller effects, which are assumed to explain most of the genetic variance. This explains some of the observations, but is it the only factor? For instance, does underpowered design explain the fact that virtually no significant QTL have been found in at least four independent F2s that might account for the spectacular prolificacy of Chinese (∼14 pigs per litter) when compared with European (∼10 pigs per litter) sows? Or that the regions that showed suggestive QTL evidence in these studies were virtually always associated with cryptic effects, i.e., the European allele being superior to the Chinese allele (83)? Does lack of power explain the fact that QTL with minor effects only ( jointly explaining less than 50% of the different between the parental lines) were found in an F2 cross counting 843 birds obtained from parental chicken lines that were divergently selected for body weight over 41 generations and differed by 1240 g at 56 days (45)?
That insufficient power does not account for the shortcomings of additive QTL models is also supported by the fact that the sum, over all chromosomes, of the difference between the phenotypic means of F2 animals that are homozygous for alternate nonrecombinant chromosomes (as determined from marker data) does not necessarily amount to the phenotypic difference between the parental lines (M. Draye, D. Desmecht and M. Georges, in preparation).
For the above-mentioned poultry experiment, Carlborg et al. (12) recently demonstrated that a considerable amount of "missing" genetic variance could be uncovered by modeling first-order gene-by-gene interaction. They identified a locus that, when homozygous for the low-line allele, completely masks the effects of at least five other QTL. Homozygosity for the high-line allele at this locus capacitates this radial network, which accounts for 13% of the phenotypic variance. This number has to be compared with 3% of the phenotypic variance, explained by the same loci under an additive model. None of the capacitated QTL exceeded the genome-wide significance thresholds when tested on their own. Only the capacitator locus' marginal effect proved significant, although it alone does not affect the phenotype. Preliminary results strongly suggest that modeling epistasis uncovers cryptic genetic variation for sow prolificacy in Chinese × European F2 crosses ( J.L. Noguera, personal communication). These findings are consistent with results reported previously in plants, Drosophila, and mice that support the importance of epistasis in explaining genetic variation for many complex traits (11) .
Modeling epistasis seems crucial to gaining a better understanding of the molecular architecture of complex traits in farm animals. However, testing even first-order epistasis requires considerable enlarged data sets because of the many pairs of loci to test and the larger number of genotype classes to contrast for each pair of loci. For example, a standard F2 QTL analysis models three genotype classes and ∼10 3 locations, whereas a twolocus epistatic analysis models nine genotype classes and ∼10 6 pairs of loci. Carlborg et al. (12) recommend at least a fourfold increase in F2 population size. The issue of number of genotype classes is even more acute in outbred populations. However, VC methods may be able to tackle epistasis in outbred populations (70).
QUANTITATIVE TRAIT LOCI FINE MAPPING IN DOMESTIC ANIMALS Factors Limiting the Achievable Mapping Resolution
As mentioned above, many QTL influencing a myriad of traits have been mapped in domestic animals. However, the CIs for the QTL locations (estimated, for instance, by bootstrapping) are typically of the order of 20-40 cM, corresponding in mammals to ∼20-40 million base pairs or 200 to 400 genes. The situation is a little bit brighter in poultry, where the centiMorgan/Megabase ratio is of the order of 2.8-6.4 rather than ∼1, as in mammals (98) . In all cases the road to identifying the quantitative trait nucleotide(s) [QTN(s)] remains a formidable task. Thus, the initial mapping step typically needs to be followed by a finemapping step.
To select the optimal fine-mapping strategy one needs to have a good understanding of what factors limit the achievable mapping resolution, the primary four factors being:
1. Marker density. Mapping consists of placing a QTL in a given marker interval. The more markers one has, the smaller the average interval size and, thus, the higher the map resolution.
2. Crossover density. Indeed, recombinant chromosomes are the only ones that provide mapping information.
3. QTL detectance. This corresponds to the accuracy with which one can infer the QTL genotype of a given individual or chromosome (104) . Positioning a QTL with respect to a crossover requires knowledge of the QTL allele carried by the corresponding chromosome.
4. Molecular architecture of the QTL. Many QTL probably reflect the combined effect of not one, but several, linked QTNs. Approaching such a "composite" QTL using a model that assumes a single location may result in fuzzy positioning.
Increasing the Marker Density is Becoming Trivial
Increasing the marker density in a chromosome segment of interest is conceptually the easiest limiting factor to resolve. Until recently, however, developing markers that target specific regions was an arduous and timeconsuming "wet lab" task. Fortunately, this has recently changed with the availability of the nearly complete genome sequences of the major domestic species. Microsatellite markers can be directly identified from the genomic sequences and suitable primers can be designed. In addition to the SNPs for which the reference genome proved heterozygous, all sequencing efforts have included substantial amounts of shallow sequencing of additional individuals from different origins, resulting in collections of 2.8 million SNPs in poultry (110), 2.5 million in the dog (58), 2 million in cattle (http://www.hgsc.bcm. tmc.edu/projects/bovine/), and soon a similar number in the pig. Although the validity of each SNP needs to be confirmed, the conversion rate is generally very high and the transportability across populations remarkably good (58, 110) .
Increasing the Crossover Density: Current Recombinants
The most straightforward approach to increasing crossover density is to breed animals de novo. When working with experimental pedigrees one could, for instance, generate additional F2 or BC animals. However, the number of F2 or BC offspring required to bring the mapping resolution of a typical QTL down to 5 cM or less is ∼5000 (18), as the probability for an individual to be recombinant in the interval of interest decreases with the size of the interval and many such individuals are needed to compensate for the poor QTL detectance. This is a barely viable proposition when working with mice, and a nontenable proposition when working with domestic animals. One alternative is to work with advanced intercross lines (AILs), i.e., F3, F4, . . . Fn generations (18) . Using AIL, the CI for the QTL is reduced by a factor of ∼2/n when compared with an F2 population of the same size, where n is the number of generations of intercrossing that characterize the AIL. Alternatively, the number of AIL animals required to map a QTL to a CI of a desired size is reduced by the same ∼n/2 factor when working with a Fn AIL. However, Fn AIL must first be produced, which requires 50-100 breeding animals at each intermediate generation. Given the generation interval and housing costs, AIL remains an expensive and time-consuming option when working with most domestic species. Nevertheless, F8 and F9 have been generated for fine-mapping purposes in poultry (48; L. Andersson, personal communication), and F3 animals have been generated in cattle (R. Spelman, personal communication).
The above-mentioned large paternal halfsister pedigrees that are commonly encountered in dairy cattle as a result of AI offer some interesting opportunities for QTL fine mapping using current recombinants. Having identified a QTL using selective DNA pooling as described, one can genotype the extreme daughters individually for a pair of markers flanking the region of interest and identify those that inherited a recombinant chromosome from their sire. Extreme recombinant daughters can then be genotyped for additional informative markers within the interval to refine the map position of the QTL. We applied this approach to fine map a QTL influencing milk protein yield. A QTL was mapped to a chromosome segment of ∼30 cM by selective DNA pooling of ∼1500 cows from the top and bottom 10% of a half-sister pedigree of ∼20,000 daughters. Using a pair of flanking markers, we identified 380 daughters that inherited a recombinant chromosome from their sire. These were genotyped for 22 
Increasing the Crossover Density: Historical Recombinants
The alternative to using current recombinants is to exploit the nonrandom allelic association between QTL and closely linked markers that is predicted to persist at the population level, i.e., LD. This requires a marker density commensurate with the reach of LD in the population of interest. In human genetics, it is of the order of 10-20 Kb, justifying the use of ∼300,000-500,000 SNPs in genome-wide association studies. Because of the structure of domestic animal populations, and the ensuing long-range LD, the number of markers required may be an order of magnitude less. The structure of LD in domestic animals is best understood for dogs, which are likely representative of other species (58, 95) . When studying haplotypes within breeds, useful LD extends over hundreds of thousands to millions of base pairs. When comparing haplotypes between breeds, the reach of LD is lower than that in human. Haplotype blocks have a ∼10-Kb size on average, with ∼4-5 distinct haplotypes across the entire dog population. Based on these findings, a two-stage mapping approach was proposed comprising an initial genome-wide within-breed mapping step with a panel of ∼30000-50000 SNP markers, followed by a between-breed mapping step targeting chromosome regions of interest with locus-specific high-density SNP panels (see below).
One can perform either single-marker or multimarker association studies. In singlemarker studies, the effect on the phenotype is tested separately for each marker. One can either model additive allelic effects or genotypic effects, thus allowing for dominance. An example of single-marker analysis is given in Grisart et al. (36) , who studied a previously defined 3. 
In many cases, the association with QTL alleles is likely stronger for marker haplotypes than for individual markers, hence justifying multimarker analyses. As one does not know in advance which marker combination will yield the strongest association, a pragmatic solution is to test all possible combinations of closely linked (adjacent or not) markers and to test the effect of all observed haplotypes given the selected markers (7). Similar approaches have been proposed to analyze human data (57) .
However, the procedure most widely used in animal genetics builds on the VC approach for full-pedigree analysis described above. When performing linkage analyses, chromosomes are traced from parents to offspring by means of markers, allowing computation of pair-wise IBD probabilities at a given position conditional on marker genotypes. In these the founder chromosomes (i.e., the chromosomes of the pedigree members without known ancestors) are considered unrelated; their pairwise IBD probabilities are set at zero. However, it is possible to exploit LD to compute IBD probabilities between founder chromosomes conditional on marker genotypes and a suitable demographic model (65). These IBD probabilities can then be combined with pedigree-based IBD values in a combined linkage plus LD analysis. Deterministic approximations that allow rapid computation of LD-based IBD probabilities have been proposed (66) . Currently, the most commonly used algorithms account for recombination only. As marker density increases, mutations will have to be modeled, and work along those lines is progressing. Note that multimarker approaches require the determination of the linkage phase for all individuals. Given the typical pedigree structure used to map QTL in domestic species, this is usually not a major concern.
As in human genetics, a major issue when performing association studies with animals is population stratification. Animals that share IBD chromosomes at a tested map position are more likely to be IBD across the rest of the genome. This can cause significant marker trait associations in the absence of linkage between marker and QTN. An efficient way to control for this correlated coancestry is to include an individual animal effect accounting for the known genealogy in the analysis model (61) . This is usually effective because pedigree records are accurately kept in many animal populations. In the absence of accurate pedigree data, one could estimate the level of coancestry from genome-wide marker data, as proposed by Yu et al. (112) . An additional protection against population stratification that is commonly used in human genetics is to simultaneously test for association and linkage using the transmission disequilibrium test (TDT) (27) . This is effectively mimicked by performing combined linkage and LD analysis within a VC setting, as described above.
Combined linkage and LD analysis in outbred cattle populations has proven effective in improving QTL mapping resolution in at least a few instances (7, 68, 76) . It is intuitive that LD information can be exploited when analyzing "outbred" commercial pedigrees. What about experimental F2 and BC pedigrees? When such pedigrees are generated from inbred strains, as with mice, there is no LD signal to be exploited in addition to the linkage signal. However, breeds of domestic animals are not the same as inbred strains. As previously noted, they typically segregate both at the marker loci and QTL. If distinct QTL alleles are segregating within the parental breeds they can be associated with specific marker haplotypes, and this provides fine-mapping information that can be extracted using the VC methods described above. It is possible to extract LD information even for QTL that have been fixed in the parental breeds. QTL alleles fixed within strains as a result of selection will be embedded in regions of reduced haplotype diversity associated with correlated QTL effects and seen as such by the VC approach.
Increasing Quantitative Trait Locus Detectance: Locus-Specific Progeny Testing
The ability to position a QTL with respect to crossover breakpoints depends on the accuracy in inferring the QTL allele carried by the corresponding recombinant chromosomes or the QTL detectance (104) . For complex traits, QTL detectance is typically poor, as each QTL accounts for only a minor part of the trait variance. We already mentioned two approaches used in animal genomics to increase QTL detectance: progeny testing (31) and selective genotyping (55) .
The approach that has proven most valuable in fine mapping QTL in domestic animals is locus-specific progeny testing or marker-assisted segregation analysis (MASA). The QTL genotype of some chromosomes can be determined with high accuracy by examining their phenotypic effect in large progeny groups. For instance, if offspring that inherit the grandpaternal chromosome from their sire have a significantly higher phenotypic value than those inheriting the grandmaternal chromosome, then the former carries allele Q and the latter allele q (under a bi-allelic QTL model). The abovementioned fine-mapping principles can then be applied on such a set of progeny-tested chromosomes.
For example, MASA has been used in combination with current generation recombinants to fine map a QTL underlying the muscular hypertrophy of Texel sheep (15) . Progeny were generated from a Romanov x Texel F2 ram that inherited (a) a nonrecombining Texel chromosome from one parent and (b) a hybrid Texel-Romanov chromosome recombining in the 10-cM CI for the QTL. As the recombinant chromosome clearly increased muscle mass in the offspring when compared with the nonrecombining chromosome, the ram had to be of Qq genotype, hence positioning the QTL in the 2.5-cM subsegment of the CI, for which the recombinant chromosome was of Romanov descent.
A similar approach has been used with BC3 to BC7 boars carrying Wild Boar-Large White hybrid chromosomes recombining in the CI for the FAT1 QTL, resulting in its fine mapping to a 3.3-cM interval (5) .
MASA has also been used in combination with historical recombinants. For example, five chromosomes shown by MASA to be of "Q" genotype for an imprinted QTL located on proximal SSC2 (Sus scrofa, chr2) shared a haplotype spanning 250 Kb that was predicted to contain the QTL, which was an important step towards the identification of the corresponding QTN (74) . Haplotype sharing combined with locus-specific progeny testing has also been instrumental in the positional identification of QTN influencing milk composition on BTA14 (Bos taurus, chr14) (29) and BTA6 (Bos taurus, chr 6) (17).
Dissecting Composite Quantitative Trait Loci: Multi-Quantitative Trait Loci Models
Although in some cases increasing marker and crossover density improves the definition of the QTL location, this is not always the case. A more common occurrence is a rather uniform increase of the location scores across large chromosome segments. This could indicate that the observed QTL reflects the cumulative effect of a cluster of QTNs. QTL mappers working with experimental crosses derived from inbred lines have primarily addressed such composite QTLs using composite interval mapping (CIM) or multiple QTL mapping (MQM) (46) . Although it has proven difficult to transfer CIM and MQM directly to domestic animal populations, multi-QTL models were recently proposed within a Bayesianenhanced VC framework (60, 69) . Although more work is needed to improve our understanding of the behavior of such methods when dealing with real data, they have already performed outstandingly in fine mapping a QTL influencing milk protein percentage to a 420-Kb region on BTA6 (76) .
Detecting Signatures of Selection
One hallmark feature of domestic animals is that they have and continue to undergo stringent selection for a range of phenotypes. One would expect this to cause dramatic shifts in allele frequencies at the loci influencing the traits under selection, leaving detectable signatures. These might be searched for in order to map or fine map the corresponding genes (85).
Wong et al. (110) used whole-genome sequence data obtained on red jungle fowl as well as three domestic chicken breeds to search for selective sweeps for adaptive alleles that occurred before the divergence of modern domestic poultry breeds. Such sweeps would have generated extended regions of haplotype sharing among extant domestic breeds not found in red jungle fowl. No such regions could be identified on length scales of 100 Kb or greater. The authors speculated that this might be due to the historically large effective population size of domestic chickens combined with the high centiMorgan to Megabase ratio in chicken. Deeper sequence data on larger numbers of individuals might be needed to detect such sweeps at a <100 Kb scale.
To the best of my knowledge, no other genome scans for selective sweeps have been conducted in domestic animals. This is mainly due to the fact that the tools needed to perform such genome-wide scans are only just becoming available and a number of experiments are underway.
However, signatures of selection have been searched for in specific regions. For example, a local reduction in genetic variation resulting from a selective sweep was exploited to refine the map position of the mutation underlying the muscular hypertrophy of Texel sheep (15) . We also demonstrated that the K allele of the DGAT1 K232A polymorphism is characterized in the HF dairy cattle population by unusually long "extended haplotype homozygosity" when compared with the A allele. This is consistent with recent strong positive selection and thus the K allele being the causal mutation (35, 36) . Retrospective analyses have shown changes in allele frequencies of the GHR F279Y (7; R. Spelman, personal communication) and ABCG2 Y581S (17) mutations consistent with the evolution of the breeding objectives over the past 25 years.
Whether these signatures of selection stand sufficiently clearly above the genomewide background to be detected ab initio remains to be determined. The bottlenecks, founder effects, expansions, and subdivisions that characterize the demographic history of many domestic populations could considerably obscure the signal. However, because a sufficient number of chromosome regions, having undergone selective sweeps, are now known in domestic animals, one should soon be able to systematically evaluate the potential of such ab initio approaches. Recently, Gunnarsson et al. (39) demonstrated retrospectively that all poultry breeds with the SLC45A2 347M allele causing the Silver phenotype shared a minimum haplotype in the 15-35 Kb range, whereas White Leghorn lines, having fixed the SLC45A2 277C mutation, shared a different >100-Kb haplotype. Additional examples of chromosome regions where signatures of selection are likely to exist and which could be used to evaluate the power of selective sweep detection are the myostatin locus in Belgian Blue Cattle (37, 38) and the IGF2 locus in European pigs (100) .
Note that selection is expected to cause LD between loci affecting the selected trait: the so-called "Bulmer effect." Directional and stabilizing selection, for instance, tend to generate negative gametic-phase disequilibrium (alleles increasing the character value at one locus preferentially associated with alleles decreasing the character value at other loci and vice versa), while disruptive selection and directional selection on characters displaying certain patterns of epistasis will generate positive gametic-phase disequilibrium (28) . It will be interesting to examine whether the Bulmer effect has left detectable signatures in domestic animal populations.
Bypassing the Mapping Step: Whole-Genome Association Studies
Until recently, the habitual strategy of QTL hunters working with outbred populations was to first perform a genome scan using linkage and low-density microsatellite panels, followed by LD fine mapping of the most prominent QTL via high-density SNP maps that had to be developed de novo for each region of interest. As mentioned above, high-density genome-wide SNP maps are, or will soon become, available for all domestic animals. Tens to hundreds of thousands of SNPs can now be genotyped using either ordered or random microarrays for the same price as a few hundred microsatellites. This will drastically affect the way QTL mapping is performed. The previously separate mapping and fine-mapping steps will be merged into a single combined linkage and LD analysis, or replaced by direct whole-genome association mapping, as in human (42) . The optimal density and choice of SNPs remain to be determined more rigorously for the different species and populations. However, as genotyping costs continue to diminish, it is likely that panels of hundreds of thousands of SNPs will soon be the preferred and standard reagent in all species. One advantage of dense marker panels enabling direct interrogation of LD is that it relaxes the requirements for specific pedigree relationships, which are indispensable for linkage studies. This considerably facilitates sample collection, even if population structure requires careful consideration when designing the experiment. Whole-genome association studies have already proven effective for the rapid positional identification of genes underlying monogenic traits in domestic animals. For example, we used a wholegenome association approach to identify the gene causing congenital muscular dystonia (CMD) in Belgian Blue Cattle. Direct fine mapping based on haplotype sharing followed by mutation detection allowed us to demonstrate that CMD encompasses two distinct genetic entities caused by missense mutations in the sarcoplasmic reticulum-specific ATP2A1 Ca 2+ pump and presynaptic SLCA5 glycine transporter (C. Charlier and M. Georges, in preparation).
Based on an in-depth analysis of haplotype structure and sharing within and between dog breeds, Lindblad-Toh et al. (58) proposed a two-tiered approach to identify genes underlying phenotypes segregating in multiple breeds. Their premise is that such situations reflect the sharing of IBD causal mutations. These causal mutations are assumed to be embedded in shared short-range (<-10-Kb) haplotypes predating breed creation, and in breed-specific long-range (>100-Kb) haplotypes created at the time of breed formation. Panels of 30 to 50,000 SNPs should be dense enough to pick up the breed-specific haplotypes. This initial withinbreed mapping step could then be followed up by the saturation of the chromosome segments lighting up in two or more related breeds to identify the ancestral short-range haplotypes and hence fine map to single-gene resolution.
The feasibility and effectiveness of this approach for monogenic traits has been demonstrated by whole-genome association mapping of several monogenic traits, including white coat color in Boxers, Bullterriers, and Dalmatians, the "ridge" in Rhodesian Ridgebacks, and primary hyperparathyroidism in Keeshonden (K. LindbladToh and L. Andersson, personal communication). The white coat color mapping demonstrates how genome-wide association mapping using only 10 white and 10 solid Boxers can identify a ∼1-Megabase (Mb) associated region, followed by the positioning of the causal mutation by across-breed analysis in both Boxers and Bullterriers to a ∼100-Kb segment encompassing only two exons of a single gene, MITF (Karlsson K, Hillbertz N, Wade C, Andersson L, Lindblad-Toh K, et al. in preparation). It remains to be seen how effective the approach will be at tackling traits with complex inheritance.
QUANTITATIVE TRAIT NUCLEOTIDE IDENTIFICATION IN DOMESTIC ANIMALS Success Stories: Positional Identification of Regulatory Mutations
Currently, four causal QTNs with strong support have been identified by positional cloning in domestic animals: the DGAT1 K232A (35, 36, 109) and ABCG2 Y581S (17) mutations influencing milk composition in cattle, and the IGF2 intron 3-3072(G-A) (100) and MSTN 3 untranslated region (UTR) g+6723(G-A) (15) mutations influencing muscle mass in pigs and sheep, respectively. A small number of additional putative QTNs have been reported but require additional scrutiny in independent samples (88, 94) . This number may not seem like much, but it compares favorably with results achieved in other organisms, including man and mice, which receive considerably more attention and support (34) .
What is most striking in domestic animal studies is the ability to identify regulatory mutations (Figure 3) . It is much more difficult to predict the effect a putative regulatory mutation has on gene function than the effect of a mutation that alters the primary protein sequence. To the IGF2 intron 3-3072(G-A) and MSTN 3 UTR g+6723(G-A) regulatory mutations, one may add the CLPG mutation, although the corresponding callipyge trait was approached more as a binary than as a quantitative trait (30, 90) .
The intron 3-3072(G-A) mutation in the imprinted porcine IGF2 gene invalidates a muscle-specific silencer located in intron 3 operating after birth. The mutation abrogates binding of an as-of-yet unidentified transacting factor. As a result, animals inheriting the intron 3-3072(G-A) mutation from their father have threefold higher levels of IGF2 mRNA in muscle, which leads to increased muscle mass and decreased fat deposition (100).
The Positional identification of three regulatory quantitative trait nucleotides (QTNs) influencing muscle mass in livestock. (a) The intron 3-3072(G-A) mutation in the porcine IGF2 gene abrogates binding of a trans-acting factor to a muscle-specific silencer element, hence causing an increase in IGF2 levels with resulting muscular hypertrophy. The mutation appeared on a chromosome of Asian descent introduced in European pig populations (100). (b) The CLPG mutation is an A to G mutation (shown as a star) in the 90-Kb DLK1-GTL2 intergenic region that causes ectopic expression of a set of imprinted genes in skeletal muscle. When inherited from the mother only, the CLPG mutation leads to overexpression of maternally expressed long noncoding RNA genes hosting tandem clusters of C/D small nucleolar RNAs (snoRNAs) and microRNAs (miRNAs) (shown in red ). When inherited from the father only, the CLPG mutation causes overexpression of the paternally expressed protein-encoding genes DLK1 and PEG11. Ectopic expression of the DLK1 protein in these animals causes the muscular hypertrophy of callipyge sheep. In homozygous CLPG/CLPG animals, both maternally and paternally expressed genes are ectopically expressed. Post-transcriptional trans-inhibition of the paternally expressed protein-encoding genes, supposedly by maternally expressed miRNA genes, explains the absence of phenotypic expression in these animals. hypermorphic (loss of a miRNA target site) alleles that might make significant contributions to the heritability of a broad range of complex traits (15, 33) .
The CLPG mutation also inactivates a muscle-specific silencer that controls the expression of the DLK1-GTL2 cluster of imprinted genes after birth. The CLPG mutation is located in the middle of the 90-Kb intergenic region separating DLK1 and GTL2. Heterozygous animals receiving the CLPG mutation from their father exhibit ectopic expression of the paternally expressed DLK1 mRNA and DLK1 protein in muscle, which causes the callipyge muscular hypertrophy (13, 19) . Intriguingly, homozygous CLPG/CLPG animals show increased levels of DLK1 mRNA, but not of DLK1 protein in skeletal muscle and hence do not express the callipyge phenotype. There is increasing evidence that this is due to translational repression of the padumnal DLK1 transcripts by madumnal miRNAs (20) . It is remarkable that both the Texel and callipyge muscular hypertrophies involve miRNA-mediated mechanisms, highlighting the importance of this newly discovered mode of gene regulation.
What enabled the demonstration that these three, at first glance anodyne single-base substitutions, were causative QTN? In addition to dealing with muscular development, the three scenarios have at least two features in common. The first is that the three QTL had a simple molecular architecture, which considerably facilitated their molecular dissection: a single mutational event underlying the QTL effect in each case. The second is the careful selection and analysis of unique haplotypes with known QTL genotype, deduced either by locus-specific progeny testing (IGF2 and MSTN) or from individual phenotypes (CLPG).
In the case of the intron 3-3072 mutation, sequencing 30 Kb spanning the IGF2 and INS genes from five progeny-tested Q chromosomes and nine progeny-tested q chromosomes identified 258 SNPs. Only one of these showed a perfect allelic segregation between the Q and q groups: the intron 3-3072 IGF2 mutation. The unusually high density of SNPs is due to the fact that all Q chromosomes were of Asian descent, whereas all but one q chromosome was of European descent. Being phylogenetically closely related to the clade of Q chromosomes, the Asian q chromosome was particularly informative, enabling the exclusion of all but the causal SNPs.
For the Texel g+6723(G-A) MSTN mutation, the comparison of five progeny-tested Q and four progeny-tested q chromosomes allowed exclusion of 19 out of the 20 SNPs identified in an 10.5-Kb segment spanning the MSTN gene. The A allele of the remaining g+6723(G-A) SNP was Texel specific, thus strongly supporting its causality (15, 33) .
To identify the CLPG mutation, we selected animals expressing the callipyge phenotype, which was bound to be heterozygous +/CLPG Pat , but homozygous for closely linked markers. By doing so, we focused our analysis on phylogenetically related, yet functionally distinct, haplotypes, thereby minimizing the number of noncausal SNPs we had to sift through. Sequencing 200 Kb in the corresponding individuals identified a single mutation differentiating the mutant and wildtype chromosome: the CLPG A to G substitution (30, 90) .
In all three cases, in vivo and in vitro functional tests supported the causality of the QTN. In addition to increasing skeletal muscle transcript levels on paternal transmission, the IGF2 intron 3-3072 mutation was shown by electrophoretic mobility shift assay (EMSA) to abrogate binding of a nuclear factor, and by luciferase reporter assay to reduce the silencing activity conferred by the corresponding wild-type sequence (100) .
Texel sheep were shown to have threefold lower circulating MSTN levels, steadystate levels of mutant MSTN transcripts were shown to be reduced 1.5-fold when compared with wild-type transcripts in heterozygous animals, and the g+6723(G-A) mutation was shown to promote miR-1-and miR-122-dependent downregulation of luciferase reporter constructs (15) .
The CLPG mutation was shown to cause ectopic transcription of genes from the DLK1-GTL2 domain in skeletal muscle (13) , and to alter the muscular epigenotype of the DLK1-GTL2 intergenic region in cis, (including hypomethylation, acquisition of novel DNase-I hypersensitive sites, and enhanced bidirectional long range) (72, 96 (19) , whereas introducing the CLPG mutation by homologous recombination in the mouse was shown to recapitulate part of the phenomenology observed in callipyge sheep (L. Pirottin, H. Takeda, M. Goerges and C. Charlier, in preparation). These cases illustrate two important points. The first is the remarkable discerning power of genetics in pinpointing QTNs irrespective of their mode of action. The second is the exceptional richness of domestic animal populations in diverse, and hence informative, haplotypes, allowing full exploitation of the power of genetics.
Success Stories: Trees Hiding the Forest
Despite the unique features that make domestic animal populations particularly valuable resources for the positional identification of QTN, it would be a fallacy to pretend that the process will become routine anytime soon. The few success stories described above hide a much larger number of QTL that are proving to be extremely difficult to crack. As mentioned above, the most commonly encountered issue is the lack of improved mapping resolution following augmentation of the marker and crossover density. The most plausible explanation of this common occurrence is the fact that the QTL effect reflects the combined action of multiple linked QTNs. It remains to be seen whether a further increase of marker density combined with multi-QTL analysis models will resolve at least some of these problematic cases.
Another major issue when identifying QTNs is the lack of a practical approach that provides formal proof of causality for a candidate SNP. Although the accumulated evidence supporting the causality of the five QTNs described above is fairly convincing, one cannot formally exclude that the causal mutation(s) are actually distinct and in strong LD with the ones identified. Functional tests are often considered the panacea, yet seldom if ever provide sufficient evidence on their own. Observing an effect of a mutation in an in vitro test by no means proves that it is related to the chain of molecular events leading to the phenotype in vivo. Quantitative complementation comes closest to formal proof of the direct involvement of a given gene (62) (Figure 4) . To test whether a QTL of interest reflects modified activity of a candidate gene, one compares the phenotypes of Q/ and q/ hemizygous individuals, where corresponds to a loss-offunction allele of the gene to be tested, while Q and q correspond to chromosomes carrying functionally distinct QTL alleles. Only if the inactivated gene underlies the QTL effect will the phenotypic difference between the two groups be larger than the difference between Q/+ and q/+ individuals. The test is not perfect as interactions induced by the mutation may cause the contrasts to vary even in the absence of direct involvement of the interrogated gene. Nevertheless, it is a step in the right direction and demonstrates once more the pertinence of genetics. Quantitative complementation has been used in yeast (25, 92) , Drosphila (62) , and mice (111), organisms for which gene knockouts can be produced with relative ease. The method has provided remarkable insights in the molecular architecture of QTL underlying high temperature growth and sporulation efficiency in yeast. It has also unveiled how frighteningly complicated some QTL are likely to be. Unfortunately, it is difficult to see how this approach could be effectively adapted for domestic animals.
The Candidate Gene Approach
One attractive feature of the positional cloning approach is its generic nature, its potential to assign novel functions to genes or other components in any genome. For example, miRNAs were first discovered by positional cloning in Caenorhabditis elegans (56) . For a minority of genes, prior knowledge about function suggests that they might contribute to the genetic variation observed for a given trait. It is therefore logical to readily look for correlations between phenotypic variation and DNA sequence variation in these candidate genes. This has led to well established and replicated associations between bovine milk protein variants (caseins, β-lactoglobulin, α-lactalbumin) and milk yield, composition, and processability (107) , between major histo-compatibility (MHC) variants and disease susceptibility, or between the porcine melanocortin-4 receptor (MC4R) and fatness, growth, and feed intake (53) .
Unfortunately, the candidate gene literature is reputedly polluted with too many nonreproducible results. This is unfortunate because it discredits the entire field of complex trait analysis and marker assisted selection. Too often candidate gene studies identify a very limited set of polymorphisms in a supposedly valid candidate gene, genotype cohorts of limited size (sometimes not appropriate at all for association studies, e.g., F2 pedigrees), test the effect on several traits, and report supposedly significant associations on the basis of nominal p-values, without addressing functional questions.
It seems that everybody would benefit from raising the standards used in candidate gene studies. A thorough evaluation of a candidate gene should (a) utilize significance thresholds that more thoroughly account for multiple testing and prior probability of success, (b) exhaustively characterize the haplotype diversity and structure that exists in the population of interest, (c) include replication of the positive associations in an independent cohort, and (d ) include resequencing data of functionally distinct haplotypes to identify putative causal SNPs.
The Promises of Genetical Genomics
Transcriptome analysis with microarrays is opening exciting possibilities for the genetic dissection of complex traits. In an approach dubbed genetical genomics, the expression levels of many, if not all, genes are measured in one or more tissues assumed to be rele- 1 between the Q/++ and q/++ animals shows the effect of a single-dose Q to q allele substitution effect. The phenotypic difference 3 between Q/0+ and q/0+ animals is the same as 1 , indicating that gene A is not underlying the QTL effect. The Q/++ and Q/0+ means and q/++ and q/0+ means differ by the same amount and reflect the phenotypic effect of knocking out gene A, which is thus independent of the QTL genotype. By contrast, the phenotypic difference 2 between Q/+0 and q/+0 animals is much larger than 1 and 3 . This interaction strongly suggests that gene B underlies the QTL effect.
vant with regards to the organismal phenotype of interest. The transcript levels of individual genes are treated as quantitative traits and subjected to QTL mapping to identify expression QTL (eQTL). eQTL are typically sorted into local eQTL when the affected gene lies within the CI of the eQTL, as opposed to distant eQTL when not. Local and distant eQTL are also respectively referred to as cis-versus trans-acting eQTL. One possible explanation for a local eQTL is a cis-acting regulatory mutation that directly controls the transcript level of the corresponding gene, whereas a distant eQTL necessarily implies a trans-acting molecular mechanism (47, 82) . Local eQTL that colocalize with QTL affecting the phenotype of interest (hereafter referred to as pQTL) point toward possible causal genes. Genetical genomics thus provides a highly parallelized shortcut bypassingat least in some instances-tedious QTL fine mapping. For instance, Hubner et al. (44) used this approach to establish a list of candidate genes that might influence blood pressure in the rat.
It is important to realize that finding local eQTL overlapping a pQTL-a common occurrence given the abundance of local eQTL in most experiments-provides interesting candidates, but does not establish causal connection. A correlation between the corresponding expression traits and phenotype in the studied population does not establish causal connection either. Assuming that the eQTN and pQTN are distinct, the expected LD between them will generate a fortuitous correlation between the traits. One possible strategy to distinguish fortuitous from causal correlation is to apply conditional correlation measures ( Figure 5) . If transcript levels of the candidate gene directly affect the phenotype, one will find a correlation between transcript levels and the phenotype both across and within genotypes; if transcript levels and Principle of conditional correlation measures to distinguish between fortuitously colocalized phenotypic quanitative trait nucleotides (pQTNs) and local expression quantitative trait nucleotides (eQTNs) (left panel ) versus eQTNs that cause pQTL (right panel ). Imagine a situation with two alleles (red and blue) segregating in an F2 population. The red allele increases the expression level (E) of the culprit gene and the phenotypic value (P), whereas the blue allele decreases both gene expression level (e) and phenotypic value (p). In the left panel, the effects on gene expression and phenotype are independent; in the right panel, the effect on the phenotype results directly from the effect on gene expression. For independent pQTN and eQTN, one finds a correlation between P and E across the entire data set, but not within genotypes (blue-blue, blue-red, and red-red). When eQTL and pQTN are the same, one finds a correlation between P and E both across and within genotypes. In the left panel, the distance separating eQTN and pQTN is too small for recombination to be an issue.
the phenotype are not causally linked, the correlation will be observed across, but not within, genotypes (87) . Alternatively, one can attempt to specifically perturb the candidate gene either genetically (for instance, knockout or knockdown strategies) or nongenetically (for example, via drugs) and measure the effects on the phenotype. The contribution of genetical genomics to the molecular dissection of complex traits is not limited to facilitating the discovery of causal genes. Whereas local eQTL coinciding with pQTL point toward primary events, colocalized distant eQTL may help unravel the networks that connect primary events and phenotypes. The phenotype may be controlled by the products of the genes regulated in trans. Just as for overlapping local eQTL, one has to be wary of fortuitous QTL overlap and resulting trait correlations. The same conditional correlation measures and gene perturbations may be applied to probe into the nature of the observed correlations.
Despite its many attractive features, genetical genomics has its limitations. It can only detect effects that are mediated by alterations in transcript levels. Moreover, it can only detect effects that manifest themselves in the panel of examined tissues, which are usually limited.
Genetical genomics applied to domestic animals is only in its infancy. A number of experiments are underway and will hopefully yield exciting results in the near future (R. Spelman, personal communication). In hindsight, one can assume that a genetical genomics approach might have accelerated the positional identification of the ovine CLPG and porcine IGF2 intron 3-3072(G-A) regulatory mutations leading to >20-fold and threefold upregulation of the DLK1-GTL2 gene cluster (13, 103) and IGF2 genes (100), respectively. The ovine MSTN 3 UTR g+6723(G-A) mutation would more than likely not have been noticed using conventional microarray analysis, although its 1.5-fold effect on transcript levels was detected using a test for allelic imbalance. Such a test might be converted to a high-throughput, microarray-based format and advantageously complement the genetical genomics tool box (78) .
BYPASSING QUANTITATIVE TRAIT NUCLEOTIDE IDENTIFICATION: GENOMIC SELECTION
One of the main motivations of QTL mapping in domestic animals is MAS. The usual paradigm is to map QTL, fine map QTL, and, if possible, clone the corresponding QTN. This creates opportunities for increasingly effective versions of MAS, using markers linked to the causal mutation(s), followed by markers in LD with the causal mutation(s) and ultimately the causal mutation(s) per se. Rigorous statistical thresholds are manipulated along the way to control the level of false discovery.
One major issue with this conservative approach is that the QTL that exceed the chosen significance thresholds usually only account for a minor fraction of the trait variance, let alone the breeding objectives. This considerably limits the scope and potential impact of MAS. Nevertheless, the approach was easily justified on the basis that fine mapping and QTN identification required considerable investments (of the same order of magnitude as the initial genome scan for each QTL), thus demanding high levels of confidence in the QTL.
Meuwissen et al. (67) recently proposed a different approach toward MAS, called genomic selection (GS). The approach made the now-verified assumptions that genome-wide SNP panels with tens of thousands of genetic markers would become available in parallel with high-throughput cost-effective genotyping procedures. Meuwissen et al. also assumed that the marker density was sufficient for most QTNs to be in strong LD with flanking markers, and that QTL effects were additive. The key difference with previous proposals was to not limit to QTL effects that would exceed some stringent statistical significance threshold but instead consider all markers as potentially informative. To capture a higher proportion of the genetic variance, Meuwissen et al. allowed themselves to enter the "gray zone," where true and false positives cohabitate. However, across the entire genome, the cumulative effect of false positives should average zero, leaving only the true signal (67) . In one version of GS, the effect assigned to a given haplotype is computed by MCMC from its posterior distribution conditional on the effects of all other markers. The prior distribution of the QTL effect has a gamma distribution that assumes many small effects and few large ones. In their initial simulations, four effects were estimated per marker interval, corresponding to each of the four possible haplotypes with two SNPs. More recently, a separate interval effect was estimated for each chromosome in the population constrained by a covariance structure reflecting pair-wise IBD probabilities conditional on marker genotypes, as described above for finemapping purposes (65) . When simulating a trait with 50% heritability and applying GS, Meuwissen et al. (67) obtained correlations up to 0.85 between predicted and true breeding values.
The proposed approach has met with a lot of enthusiasm and is being implemented by several breeding companies around the world. Initial results are positive, albeit not as brilliant as anticipated from the simulations. It is currently unclear whether the reasons for this are primarily insufficient marker density or statistical models that do not fit the underlying biology closely enough. Because of its promises, one can expect considerable investments, and hence improvements, in GS applied to livestock breeding in the near future.
The principles underlying GS may also be interesting in human genetics. They may lead to more accurate genome-wide relative risks to develop a specific complex disease or to exhibit adverse reactions towards specific drugs, etc. As in animal breeding, estimates of relative risk that exploit information from markers that are not as clearly associated with the condition of interest might nevertheless be superior to those obtained by limiting oneself to the major gene effects. Work along those lines is in progress.
CONCLUSIONS
The truth probably is that, despite 20 years of intense efforts and as stated by Rutherford & Henikoff (84) , "The nature of quantitativetrait variation" remains "one of the last unexplored frontiers in genetics, awaiting the future cloning and definitive identification of quantitative-trait determinants, whether they be genetic or epigenetic." Although many QTL have been mapped, the underlying molecular architecture remains much of a mystery for the vast majority.
During this period, "-omics" technologies have made remarkable strides. The most advanced methods and reagents are rapidly becoming available for studies on domestic animals; even whole-genome resequencing is being considered when planning future experiments in animal genomics (4) . Although the "-omics" field may sometimes seem like an endless "fuite en avant," there is hope that the complex trait fortress will soon yield. There is no doubt that the rewards-both in terms of basic biological understanding and useful medical and agronomic applicationswill be worth the invested efforts. The most recent results are revealing fascinating underlying biology, for example in the area of epigenetics (81) . Key advances will not be driven by technology alone, but by the intelligence with which new methodologies are applied to address well-formulated and incisive questions.
Domestic animal resources have the potential to make the most worthwhile contribution in deciphering the molecular architecture of complex traits. Let us make sure that we put them to good use!
